The coastal zone of Lourinhã (located in Central Portugal) is characterized by beach-cliff systems, where beaches are narrow and cliffs have notorious slope instability. These cliffs evolve by different types of landslides, which are one of the main sources of natural hazard and risk in this coastal region. In this work, aerial photo interpretation and a systematic field survey were performed in order to obtain an inventory of landslides of the following types: rotational slides, translational slides and debris flows. The entire coast was then split into 261 terrain mapping units. For each unit, landslide predisposing factors were derived and classified: cliff elevation, slope angle (maximum, mean and standard deviation), potential solar radiation, slope curvature (profile and plan), lithological units and geologic structure. The predictive susceptibility models were computed for each type of landslide using a bi-variate statistical method -the Information Value Method. The degree of fit and the predictive capacity of the models were assessed using the Effectiveness Ratio, the standard Receiver Operator Characteristic curves and the respective Area Under Curve. Results show that each landslide typology occurs in particular terrain conditions. Individual susceptibility models evidence better predictive capacity than susceptibility model for total landslides.
Introduction
The evolution of coastal cliffs occurs mainly by landslides of different types and sizes, resulting from the interaction of marine, sub-aerial and anthropogenic processes (Greenwood and Orford, 2007) . In consequence, this complex and dynamic evolution introduces restrictions on the way the human occupation of coastal areas is accomplished (Marques, 2009) .
In general, research on hazard assessment in coastal cliffs focuses on retreat rate evaluation (e.g. Nunes et al., 2009 ). In addition, the role of landslides in cliff evolution has been recognized worldwide (e.g. Hampton et al., 2004; Marques, 1997 Marques, , 2009 Sunamura, 1992; Teixeira, 2006; Trenhaile, 1987) . According to Neves and RamosPereira (1999) , the identification of factors and processes which control the rocky coast system is a critical step to understand how this system is evolving and to predict its future evolution. Under the assumption of the uniformitarianism principle, knowing the set of predisposing factors that conditioned the location of past and present landslides, it is possible to predict where future landslides are more likely to occur (Varnes, 1984) .
Different types of landslides may occur in coastal cliffs: falls, topples, slides and flows. The identification of each landslide type is complex to perform even with the support of intensive field work (Neves et al., 2012) . Indeed, in very steep coastal cliffs the clear separation between the more frequent cliff failures is nearly impossible to perform in a systematic way, namely the separation between rockfalls, topples and steep shear plane planar slides. In such circumstances the detailed field work frequently does not enable a safe cliff instability classification because of the lack of clear field evidences. Moreover, in some cases the cliff face is not accessible. In contrast, the identification of the landslide type is easier to carry out in cliffs as those in the study area, which have relatively low slope angles and are dominated by landslides of slide and flow types.
The role of a set of predisposing factors to the activity of different types of landslides was discussed by Zêzere (2002) . This author pointed out that different types of landslides may be related in a different way with the same set of landslide predisposing factors. Thus, when susceptibility models are performed using an assemblage of different types of landslides, results can lead to a decrease in correlation among landslides and predisposing factors (Zêzere, 2002) . The spatial relationships between landslides which have already occurred in a certain area and the set of landslide predisposing factors are usually explored with data-driven methods in order to assess landslide susceptibility (e.g. Carrara et al., 1998; Epifânio et al., 2013; Guillard and Zêzere, 2012; Guzzetti et al., 2005; Zêzere et al., 2004) . Besides the influence of the magnitude of wave action at the base of cliff, Sunamura (1992) points out the strong relationship existing between landslide occurrence and the geologic characteristics of coastal cliffs (lithology, geologic structure and geotechnical properties).
Statistical methods used to assess landslide susceptibility require a subdivision of territory in terrain mapping units. To select the appropriate terrain mapping unit (e.g. grid cells, terrain units, unique condition units, slope units, geo-hydrological units, topographic units, and political or administrative units (Van Den Eeckhaut et al., 2009) ) the following factors must be considered (Guzzetti et al., 1999) : (i) typology of landslides in analysis; (ii) working scale of the study; (iii) resolution, quality and type of thematic information; and (iv) availability of the adequate data and adjustment of the analysis tools.
Regardless of the type of selected mapping units, it is mandatory to homogenize the information inherent to each unit and, simultaneously, to guarantee the differentiation between adjacent mapping units (Guzzetti et al., 1999) . In addition, the adoption of an appropriate mapping unit is essential because the different partitions interfere in the way data is integrated and treated into the modeling process (Guzzetti et al., 1999) , thus generating different landslide susceptibility results (Carrara et al., 2008) .
In inland areas (at the basin scale), very good results were obtained for predictive models of landslide susceptibility using a grid of cells (e.g. Guillard and Zêzere, 2012; Zêzere et al., 2004) . However, in rocky coastal areas, this methodology is not suitable. The typical high slope and short extension that characterize most coastal cliffs do not generate a relevant topographic contrast that usually are to be found at the basin scale between stable and unstable areas and this is a reason for the bad performance of grid cells when assessing landslide susceptibility in coastal cliffs.
Recently, Marques et al. (2011 Marques et al. ( , 2013 mentioned that all factors influencing the stability of coastal cliffs should be considered because they may contribute to future instability. This approach led to the adoption of methodologies that divide cliffs into terrain units. Conventionally, the boundaries of these terrain units were defined by the materials, landforms or geomorphological processes occurring in the study area (Guzzetti et al., 1999) . In recent years, some authors have discussed the main advantage and drawbacks of different types of terrain mapping units (Van den Eeckhaut et al., 2009) , and even highlighted the relevance of terrain units in the analysis and modeling of geological and environmental phenomena (Carrara et al., 2008) . Although the needs to develop new methodologies to improve the predictive quality of the landslide susceptibility assessment at the cliffs are evident, the selection of adjusted terrain mapping units has not received yet special attention. Additionally, even if landslide susceptibility assessment proved to generate better results in inland basin areas when different landslide types are considered independently (e.g. Zêzere, 2002) , little work has been done on this subject until now when assessing landslide susceptibility in coastal cliffs.
Therefore, the present paper aims: (i) to assess landslide susceptibility at coastal cliffs for different types of landslides (rotational slides, translational slides and debris flows); (ii) to use the same set of landslide predisposing factors and a single statistical method to weigh and integrate variables; (iii) to identify the most important predisposing variables that control the spatial distribution of different landslide types; and (iv) to compare landslide predictive models obtained for each landslide type and for the total landslide inventory.
Study area
The study area (Fig. 1 ) is located in a rocky coast in the center west of Portugal, specifically in the Lourinhã council. It is limited to the north and south by the council's area extent and east and west by cliff top and cliff toe, respectively.
The Lourinhã coastal area extends along 12.3 km and it is mainly faced to the west. The coastline has mainly a beach-cliff system with narrow and elongated beaches, and the cliff height ranges from 11 to 84 m, with higher values located in the southern part. This spatial variation is generically in accordance with the adjacent territory located inside of the council (Fig. 1) . In some few places, coastal cliffs are intercepted by small rivers, mainly with ephemeral runoff.
The bedrock of the center west coast of Portugal is composed of Jurassic and Cretaceous rocks affected by gentle synclinal and anticlinal deformations (Fig. 2) . Locally, coastal cliffs are cut on Jurassic rocks (Kimmeridgian and Tithonian ages) composed mainly of marl and sandstone topped by Quaternary sand (Fig. 3) (Manuppella et al., 1999) . The sedimentary bed strike is approximately parallel to the coastline, with low to moderate dip (between 0 and 15°) to the north or south (Neves, 2004) .
The west coast of Portugal has a semidiurnal mesotidal regime and is predominantly exposed to the NW wave regime (about 80% of recorded cases) with a time period (T) of 9-11 s and a significant wave height (Hs) of 2-2.5 m, that can reach up to 6 m in storm situations (Pires, 1989) . In the study area, the mean annual precipitation ranges from 600 to 700 mm. Most rainfall occurs between November and March, but rainfall distribution may be highly irregular (Daveau, 1988) . The mean annual temperature is 15°C. The highest temperature values occur between July and September (Neves, 2004) .
In this coastal zone, cliffs are affected by different types of landslides that are an important source of natural hazard and risk particularly to exposed elements (e.g. buildings) located near the cliff top.
Data and methods

Landslide inventory
The knowledge of the spatial distribution of past and present landslides, as well as the identification of their respective types, is crucial to assess landslide susceptibility. The information of landslides in the study area was integrated in a landslide inventory map. The landslide inventory which was created by photo-interpretation of digital orthophotos obtained in 2007 (pixel size = 0.5 m) complemented with the interpretation of altimetry (contour lines 5 m equidistance) and by systematic field survey. Landslide boundaries were interpreted and drawn at a scale of 1/1500, and later vectorized and stored in a GIS environment (ArcGIS 9.3.1 software). Field survey enabled the validation of the previously identified landslides and the addition to the inventory of new landslides not observed during the photointerpretation phase. Landslide typologies were assigned according to Varnes (1978) , WP/WLI's (1993) and Dikau et al. (1996) , and the following landslide types were identified: rotational slides, translational slides, and debris flows (Fig. 4) . Rotational slide is the downward movement of rock or debris occurring over a concave slip surface that typically develops in isotropic and homogeneous geological materials (Varnes, 1978; Zêzere, 1997) . In contrast, translational slide is a block movement along a planar slip surface that may disintegrate downslope (Cruden and Varnes, 1996) . Finally, debris flow is the spatially continuous movement of debris material down a slope as a viscous fluid. The shear surfaces are closely spaced, ephemeral and not usually preserved leading to the internal deformation of materials (WL/WLI, 1993; Zêzere, 2005) .
The final inventory of the study area is composed by 290 cliff failures: 64 rotational slides (22.1%); 24 translational slides (8.3%); and 202 debris flows (69.6%). These landslides affected a total area of 141,957 m 2 , the rotational slides being the most representative (72.7% of total landslide area), followed by debris flows (18.2%), and translational slides (9.1%).
Terrain mapping units and landslide predisposing factors
The application of any statistical method to assess landslide susceptibility requires the partition of the study area into smaller terrain units. Terrain units were drawn along the cliff top, following 50 m divisions of the cliff top contour (smoothed with a small radius of tolerance in mixed geomorphologic controls), as suggested by Marques et al. (2011 Marques et al. ( , 2013 , with the upper and lower limits matching, respectively, the cliff top and the cliff toe; the lateral limits are approximately perpendicular to the contour lines of the cliff face (Fig. 5) . Thus, 261 terrain mapping units were created.
Landslide predisposing factors describe terrain conditions that are directly or indirectly associated with landslide occurrence. In a previous similar work on coastal cliffs, Marques et al. (2011) used the following set of predisposing factors: cliff height; mean cliff slope angle; maximum cliff slope angle; aspect; mean plan curvature of the cliff faces; mean cross profile curvature of the cliff faces; presence and type of cliff toe protection; presence of faults; lithological units; and geologic structure. It is important to point out that the selection of predisposing factors associated with the occurrence of landslides proves to be a difficult task since the factors work in combination, in a system that is typically multivariate. In addition, the physical forces that control the stability state of coastal cliffs (i.e. shear strength of rocks and soils and effective shear stress) are seldom available for large areas. Therefore, it is usual to use mappable variables that are proxy variables for the coastal cliff instability system.
In this study, two sets of landslide predisposing factors were considered: morphometric parameters and geological characteristics. Morphometric parameters include cliff elevation, maximum slope angle, mean slope angle, standard deviation of slope angle, profile slope curvature, plan slope curvature and potential solar radiation (which is a quantitative proxy variable for the slope aspect). Slope angle is considered the most important predisposing factor in the occurrence of landslides (Mancini et al., 2010) and reflects directly the shear stress that occurs in the cliffs. The standard deviation of slope angle is used to detect and quantify topographic irregularities at the cliff face. The cliff faces' curvatures influence the local drainage system and the kinematics of landslides (Mancini et al., 2010) . The slope curvature expresses the acceleration and deceleration of the flow, as well as the convergence or divergence of the flow. In this study, the potential solar radiation is used as a proxy variable that quantifies the slope aspect because it enables the quantification of the weight of trivial qualitative quadrant. The complete set of morphometric factors were computed in ArcGIS 9.3.1. The morphometric information was extracted from a Digital Elevation Model (DEM) with a 5 m pixel size, created from contour lines with 5 m of equidistance and elevation points available in digital vector format. The exceptions are the profile and plan slope curvatures that were derived using a pixel size of 10 m because curvature values were not realistic at a highest resolution, i.e., the 5 m pixel is not suited to the scale of the geomorphic process that is evaluated. Geologic characteristics include lithological units and geologic structure (concerning the attitude of the sedimentary layers in relation to the coastline orientation). Lithological units were intended to give an indication of the key variables in the system of unstable slopes, such as shear strength, permeability and propensity for physical and chemical weathering of rock and soil materials (Varnes, 1984) . Geologic structure is an important predisposing factor when associated with the cliff face orientation, concerning the definition of areas of weakness that can act as rupture plans. Lithological unit data was extracted from the Portuguese geological map covering the region at a scale of 1/50,000 (Manuppella et al., 1999) , and the geologic structure was obtained from Neves (2004) .
To apply a bi-variate statistical method, the classification of numerical continuous predisposing factors is required. In the case of morphometric parameters, class boundaries were defined in order to guarantee a minimum homogeneous distribution of terrain units and to avoid scale effects on the analysis of susceptibility. The geologic parameter classes were defined according to the available literature. Table 1 summarizes the 47 variable classes that were used as landslide predisposing factors.
The most relevant predisposing factors to produce landslide susceptibility models were identified using two estimators: Accountability (A) and Reliability (R). The Accountability evaluates the relative landslide concentration on the predisposing factor classes with the landslide density higher than the regional average (Blahut et al., 2010) , through the following equation:
where Nutdsld1 is the number of unstable terrain units in those predisposing factor classes having a landslide density higher than the landslide density observed on the entire study area, and Nutsld is the total number of unstable terrain units on the study area. The Reliability considers the density of landslides in predisposing factor classes which are most relevant to their occurrence (Blahut et al., 2010) , according to the following equation:
where Nutcls is the total number of terrain units (stable and unstable) in those predisposing factor classes having a landslide density higher than the landslide density observed on the entire study area. According to Blahut et al. (2010) , the Accountability index explains how classes of predisposing map that are relevant for the analysis correlate with landslides, while the Reliability index indicates the average landslide density in classes of predisposing factors more prone to landslide occurrence. Terrain mapping units were classified according to stability conditions, following the approach proposed by Guzzetti et al. (2005) . This classification was based on the type of cliff instability and percentage of unstable area: if the area affected by rotational (translational) slides exceeds 2.0% of the total area of the terrain unit, then, the terrain unit was considered unstable regarding rotational (translational) slides. The indicative percentage value to consider a terrain unit unstable is reduced to 0.5% of the total area of the terrain unit for debris flows because Fig. 2 . Geologic map of the Lourinhã coastal area. Lithological units: LU1 -sandstone, marl and mudstone of Praia da Amoreira and Porto Novo; LU2 -sandstone, marl, clay and conglomerate of Bombarral; LU3 -marl, clay and sandstone of Sobral; LU4 -marl and sandstone of Nadrupe; LU5 -limestone of Vimeiro; LU6 -marl of Dagorda; LU7 -marl and sandstone of Castelhano; LU8 -alluvium; LU9 -beach and dune sands; LU10 -dolerite. of the typical small size of these slope movements in the study area. The terrain units not matching the abovementioned conditions were considered stable. These threshold values were used to account for possible errors (e.g. drafting, mapping and digitizing errors) in the elaboration of the landslide inventory map, taking in consideration the relationship between the landslide affected area and the corresponding terrain unit area. In the study area, rotational slides affect on average 66.4% of the terrain unit area and the equivalent features for translational slides and debris flows are 21.8% and 5.2%, respectively. In total, it was possible to identify 92 unstable terrain units with rotational slides (35.2% of total terrain units), 28 unstable terrain units with translational slides (10.7%), 143 unstable terrain units with debris flow (54.8%) and 209 unstable terrain units with any landslide type inventoried (80.1%). For modeling purposes, each group of unstable terrain units (considered for each landslide typology) was randomly split into two sub-sets: the modeling set and the validation set.
Landslide susceptibility models
Landslide susceptibility models enable the classification of a study area concerning the spatial probability of occurrence of new slope movements. These models use the spatial relationship between predisposing factors and the distribution of past landslides to predict the probable location of future landslides. In this study, models were developed using a bi-variate statistical method: the Information Value (Yin and Yan, 1988) . With this method, each class of each landslide predisposing factor is considered as an independent variable. The method weights each independent variable based on the relationship between the variable spatial occurrence and the occurrence of cliff failure, which is the dependent variable of the system. Thus, the susceptibility assessment is based on the spatial distribution of both independent variables and dependent variable (Marques et al., 2011) . The Information Value (Ii) for each variable (xi) was calculated using the following equation (Yin and Yan, 1988) :
where Si is the number of terrain units with landslides of given type within variable xi; Ni is the number of terrain units with the variable xi; S is the number of terrain units with landslides of given type; and N is the total number of terrain units in the study area. While negative Ii values indicate that the presence of variable Xi is not favorable to landslide occurrence, positive Ii values indicate that a positive relationship exists between the presence of variable Xi and the occurrence of landslides, which increase proportionally with the increasing of score. When Si is zero, Ii is not possible to obtain due to the log normalization. In such case, Ii was forced to be the first decimal lower than the lowest Ii obtained within the considered landslide predisposing factor.
The total Information Value (Ij) for a terrain unit j was computed as follows (Yin and Yan, 1988) :
where n is the number of variables, and Xji is either 0 or 1, if the variable is not present or present in the terrain unit j, respectively. Susceptibility models (in this case considered as predictive models) were individually developed for each landslide type, as well as for the complete set of landslides inventoried. Therefore, four landslide susceptibility models were built using half of the respective group of landslide occurrences selected randomly (modeling group) and validated with the other half (validation group).
Four susceptibility classes were defined for each susceptibility model according to the same Information Value scores (Ij) to enable The Effectiveness Ratio proposed by Chung and Fabbri (2003) was used to assess the performance and predictive power of susceptibility models by comparing the proportion of unstabilized area in each susceptibility class (AL) with a proportion of the susceptibility class in the entire study area (AS). With these terms, the ratio AL/AS is used to define "effective" and "very effective" susceptibility classes. To be considered a powerful and effective prediction class, the ratio should be near zero in classes of low susceptibility and very large in classes of high and very high susceptibilities (Chung and Fabbri, 2003) . This method has been developed for matrix models, for which it was considered that the ratio of "effective" susceptibility classes should be either higher than 3 (for high susceptibility classes) or lower than 0.2 (for low susceptibility classes), and the ratio of "very effective" susceptibility classes should be higher than 6 or lower than 0.1. In the present work, we decided to use different values to define the threshold of the "effective" and "very effective" classes, taking into account the type of terrain unit used in this study. Thus, it was decided to reduce by 50% the features proposed by Chung and Fabbri (2003) . Therefore, a susceptibility class is considered "effective" ("very effective") when the ratio is higher than 1.5 (3) for the high and very high susceptibility classes, and lower than 0.4 (0.2) for the low susceptibility class.
The standard Receiver Operator Characteristic (ROC) (Egan, 1975; Swets, 1988) curves were used to assess the degree of fit and the predictive capacity of the landslide susceptibility models. ROC curves relate the proportion of unstable terrain units correctly classified as susceptible (true positive rate) with the proportion of stable terrain units classified as susceptible (false positive rate) (Frattini et al., 2010) .
Results and discussion
The Accountability and Reliability indexes show that different landslide types are not conditioned in the same way by the same set of Fig. 6 . Landslide susceptibility maps and respectively observed cliff failures. A -rotational slides; B -translational slides; C -debris flows; D -total landslides. landslide predisposing factors ( Table 2 ). The predisposing factors most relevant to the occurrence of rotational slides are the profile slope curvature and cliff elevation, while for translational slides are the lithological units, geologic structure, standard deviation of slope angle and profile and plan slope curvatures. Finally, for debris flows the main predisposing factors are the plan slope curvature, mean slope angle and lithological units (Table 2) . Table 1 summarizes the Information Values obtained for landslide predisposing factor classes taking into account the four considered landslide groups: rotational slides, translational slides, debris flows and total landslides. Some predisposing classes (e.g. maximum slope angle above 60°) evidence very different scores for different types of landslides, which confirm that different landslide types are differently conditioned by the same set of independent variables.
The total landslide susceptibility score obtained for each terrain unit (Ij) showed different ranges for different landslide typologies: from −1.934 to 1.172 for rotational slides; from −2.898 to 1.542 for translational slides; from −1.740 to 1.000 for debris flows; and from −0.862 to 0.505 for the complete landslide inventory. The model produced for translational slides shows the highest range of susceptibility values, which means a high contrast between stable and unstable units. Therefore, uncertainty regarding the location of future landslides is the lowest in this model.
The landslide susceptibility models built for each type of landslide and for the total set of landslides (based on modeling group data) are shown in Fig. 6 . The susceptibility models produced for rotational slides, translational slides and debris flows evidence significant differences concerning the spatial distribution of susceptibility classes, thus reflecting the abovementioned distinct influence of the landslide predisposing factors. In addition, the spatial distribution of each landslide typology has a good agreement with the corresponding higher landslide susceptibility classes. On the other hand, the susceptibility model built for the total landslides (Fig. 6D ) does not agree with the other models (Fig. 6A , B and C) in spatial terms and is not able to correctly discriminate the terrain units more susceptible to landslide occurrence.
The ideal terrain conditions for the development of different types of landslides are summarized in Table 3 . The ranking of the five main terrain conditions for landslide occurrence is based on the Information Value scores of landslide predisposing factor classes. Rotational slides preferentially occur in coastal cliffs that simultaneously cut lithological units LU1 and LU2, and where the cliff top elevation is higher than 70 m, the maximum slope angle is higher than 75°and the medium slope angle ranges from 30 to 32.5°. Translational slides are associated with coastal cliffs cut in lithological unit LU2, with a slope angle uniformly high (maximum slope angle higher than 70°; standard deviation of slope angle ranging from 5°to 9°), wherein cliff top elevation ranges from 60 to 70 m. Debris flows occur dominantly in coastal cliffs where potential solar radiation ranges from 950 to 1025 kWh/m 2 (W-SW slope aspect) and from 1175 to 1360 kWh/m 2 (N-NW slope aspect), cut in lithological unit LU3, with a mean slope angle ranging from 32.5 to 35°and with a relatively regular slope (standard deviation of slope angle between 9 and 10.5°). Therefore, we verify that landslide occurrence is strongly influenced by variables related to slope angle and geology. The elevation of cliffs and the potential solar radiation (i.e. the slope aspect) are in the following rank positions of predisposing conditions for the cliff slope instability system. The slope angle and geology are the proxy variables that better express the physical forces acting on the slope instability system: the effective shear stress and the shear strength of the slope material. Also the elevation of the cliff is a proxy of the potential energy associated with the cliff. Finally, the potential solar radiation gives an indirect expression of the importance of structural disposition of rock materials and its relationship with the direction of cliff face, which is particularly important in the case of translational slides.
Comparing the previous results with the ideal conditions for the occurrence of landslides, considering the total set of landslides, we verify the inclusion of three new predisposing factor classes into the ranking: lithological units LU1-LU3 and LU2-LU3; and a maximum slope angle ranging from 60°to 65°. The most important predisposing classes are lithological units LU1-LU2 and the mean slope angle between 32.5 and 35°. The first class is also observed in the ranking for rotational slides while the second class is also present in the ranking for debris flows.
Results of susceptibility models can also be analyzed through the relationship between landslide spatial distribution and landslide susceptibility classes. Fig. 7 shows the relative representation of both unstable and stable terrain units in each susceptibility class for the four landslide predictive models. The same tendency is evident within the four models: the proportion of unstable terrain units is maximum in classes of high and very high susceptibilities; in opposition, in classes of low and moderate susceptibilities the proportion of stable terrain units is maximum. According to Zêzere (2002) , the validation of the method is confirmed when the majority of unstable terrain units concentrate in classes of high and very high susceptibilities. For each developed model, the following results were obtained (Fig. 7) : (i) for rotational slides, 121 terrain units are classified as high or very high susceptibility and 66 (71.7% of total unstable terrain units) were affected by rotational slides in the past; (ii) for translational slides, 69 terrain units are classified as high or very high susceptibility and 19 (60.7% of total unstable terrain units) were affected by translational slides in the past; (iii) for debris flows, 115 terrain units are classified as high or very high susceptibility and 80 (55.9% of total unstable terrain units) were affected by debris flows in the past; (iv) for the total set of landslides, 123 terrain units are classified as high or very high susceptibility and 109 (52.2% of total unstable terrain units) were affected by any landslide type in the past. Therefore, these results show that the best predictive model is the one generated for rotational slides, while the worst predictive model is the one generated for the total set of landslides.
The Effectiveness Ratio (Fig. 8) indicates that the developed models separate reasonably well the lower from the higher susceptibility classes. In total, there are four "effective" classes and one "very effective" class: the rotational slide model has two "effective" susceptibility classes (Low and Very high classes); the translational slide model has one "effective" class (High) and one "very effective" class (Very high); and the debris flow model has one "effective" class (Very high). In these cases, the performance and predictive ability of the models in determining the location with the highest probability of occurrence of landslide is considered strong. In contrast, the susceptibility model built with the total set of landslides (i.e. not accounting the landslide types) did not generate any "effective" or "very effective" susceptibility class, which proves the poor ability of this model to predict the location of future landslides.
The landslide susceptibility models were validated by computing predictive ROC curves (Fig. 9) , and the following Area Under Curve (AUC) values were obtained: rotational slides, 0.703; translational slides, 0.674; debris flows, 0.634; and total landslides, 0.614. These results show that susceptibility models have an acceptable predictive skill. In addition, again, results highlight the better performance of predictive models built for each type of landslide in comparison with the model built for the total set of landslides.
Conclusions
The Information Value Method revealed to be appropriate and capable to assess landslide susceptibility in coastal cliffs in the study area. This method discriminates in an acceptable way the presence/absence of landslides with the considered landslide predisposing factors. In addition, the Information Value scores enabled the identification of variables that strongly influence landslide occurrence in the study area: geological units and slope angle.
In very steep coastal cliffs dominated by rockfalls, topples and planar rock slides it is almost impossible to distinguish different landslide types that occurred in the past. Therefore, in previous studies developed in these environments, landslide susceptibility has been assessed considering the set of landslides that occurred not accounting landslide typology (e.g. Marques et al., 2011) . The coastal cliffs in the study area exhibit particular conditions related with the relatively low slope angle, which enable the easier identification of landslide types. In such circumstances, we demonstrated in this study that susceptibility results improve substantially when the predictive models are developed for each typology of landslide. The physical conditions that control the activity of each landslide type are not the same, and these justify the different relationships between the spatial distribution of each landslide type and the set of landslide predisposing factors.
Predictive models developed for each type of landslide can be an asset for land use planning and management in order to increase the reliability of the susceptibility assessment. Moreover, the magnitude and damaging potential may be quite different for different types of landslides. Furthermore, the technical strategies to mitigate landslide activity also depend on landslide typology (Zêzere, 2002) , and these are further reasons to discriminate between different types of landslides, whenever possible, when assessing landslide susceptibility in coastal cliffs.
